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Abstract

Background Identifying mosquito vectors is crucial for controlling diseases. Automated identification studies
using the convolutional neural network (CNN) have been conducted for some urban mosquito vectors but not yet
for sylvatic mosquito vectors that transmit the yellow fever. We evaluated the ability of the AlexNet CNN to iden-
tify four mosquito species: Aedes serratus, Aedes scapularis, Haemagogus leucocelaenus and Sabethes albiprivus

and whether there is variation in AlexNet's ability to classify mosquitoes based on pictures of four different body
regions.

Methods The specimens were photographed using a cell phone connected to a stereoscope. Photographs were
taken of the full-body, pronotum and lateral view of the thorax, which were pre-processed to train the AlexNet algo-
rithm. The evaluation was based on the confusion matrix, the accuracy (ten pseudo-replicates) and the confidence
interval for each experiment.

Results Our study found that the AlexNet can accurately identify mosquito pictures of the genus Aedes, Sabethes
and Haemagogus with over 90% accuracy. Furthermore, the algorithm performance did not change according

to the body regions submitted. It is worth noting that the state of preservation of the mosquitoes, which were often
damaged, may have affected the network’s ability to differentiate between these species and thus accuracy rates
could have been even higher.

Conclusions Our results support the idea of applying CNNs for artificial intelligence (Al)-driven identification of mos-
quito vectors of tropical diseases. This approach can potentially be used in the surveillance of yellow fever vectors
by health services and the population as well.
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Background

Mosquito-borne diseases are a major public health con-
cern. More than half of the world’s population is exposed
to arboviruses such as yellow fever, dengue and Zika.
Currently, 47 countries, including 34 in Africa and 13 in
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have been found to be naturally infected with the yellow
fever virus and other arboviruses, for which no specific
therapeutic agents exist [5-11].

One approach to prevent the spread of these diseases is
by controlling the spread of the virus’ vector. Traditional
mosquito surveillance relies on catches and species iden-
tification, which require regular manual inspection and
dedicated personnel, making large-scale monitoring dif-
ficult and expensive. Additionally, identifying mosquitoes
is a difficult task that demands specialized knowledge
due to the vast range of morphological characteristics
found in the Culicidae family, which includes all mos-
quitoes [12]. New approaches that rely on smartphones
and the internet can enable new community and digi-
tal observatories with the task of species identification.
These observatories allow individuals to submit photos
of mosquitoes they come across. In addition, smartphone
cameras are improving macro photography, which can
produce high-quality images of small organisms such as
mosquitoes. However, manually inspecting each picture
is not a feasible long-term solution due to the large vol-
ume of pictures and professionals needed for the task
[13-15].

Deep learning methods based on a convolutional neu-
ral networks (CNNs) have shown promise for mosquito
identification [13, 14, 16—19]. CNNs simulate the human
learning process for classifying pictures and extract
important features from data automated without the
need of human supervision [20]. AlexNet is a CNN that
was pre-trained on 1.2 million images of objects, ani-
mals and plants available in the ImageNet database [21].
AlexNet has been successfully used for the identification
of insect vectors [22]. Automated identification studies
have been conducted for some urban mosquito vectors
[13, 14, 16-19] but not yet for sylvatic mosquito vectors
that transmit the yellow fever and other arboviruses [6,
11].

Therefore, considering the lack of specialised tools for
the automated identification of wild yellow fever vec-
tors using image processing, the aim of this study is to
test AlexNet’s ability to identify the species Aedes ser-
ratus, Aedes scapularis, Haemagogus leucocelaenus and
Sabethes albiprivus. These four mosquito species were
chosen because they are confirmed vectors of the yel-
low fever virus (Hg. leucocelaenus and Sa. albiprivus) or
because they are suspected vectors of the virus (Ae. ser-
ratus and Ae. scapularis). Hg. leucocelaenus was identi-
fied as a primary vector in major yellow fever outbreaks
in Brazil, exhibiting a broad geographical distribution
within the country. The species is found in humid and
well-preserved forests and is tolerant in anthropogenic
environments, which increases the human exposure to
infected mosquitoes [8, 10, 23]. Sa. albiprivus is widely
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distributed in South American forests and has compe-
tence in transmitting yellow fever virus being the most
important species in Argentina [11]. Ae. serratus and Ae.
scapularis have been identified as potential vectors of the
yellow fever, as they have been found naturally infected
with the virus. However, their vectorial competence and
role in the sylvatic cycle of the disease remain poorly
understood [5, 6].We also asked whether there is varia-
tion in AlexNet’s ability to classify mosquitoes based on
images of three different body regions. Our findings indi-
cate that the AlexNet network can accurately identify
yellow fever vectors with over 90% accuracy for the four
body regions analysed, presenting great potential for the
development of an application to facilitate surveillance of
these vectors.

Methods
Picture database
To build the picture database, four mosquito species were
selected available at the Laboratory of Medical Parasi-
tology and Vector Biology at the University of Brasilia.
Among them, Sa. albiprivus (n=100) and Hg. leucocelae-
nus (n=98) were vectors of the wild yellow fever virus,
while Ae. serratus (n=100) and Ae. scapularis (n=100)
were vectors of other arboviruses. A total of 565 full-
body pictures were captured, including 294 of the lateral
thorax and 484 of the pronotum, resulting in 1343 pic-
tures. The Culicidae specimens were mounted on a card-
board triangle using a pin. The mosquitoes were attached
to the triangle by the thoracic pleura, leaving the legs fac-
ing the pin and the upper pleura free for observation.
Pictures were captured using a cell phone camera
(Samsung Galaxy S8, model SM-G950F, 12 mp, sensor
1/2.5, aperture size f/1.7) attached to a stereoscope (Zeiss
Stemi 508, 1-10x magnification). Photographs of the full-
body, pronotum and lateral view of the thorax were taken
(Fig. 1), cropped in a square format (proportion 1:1) in
the computer software Photoscape, selecting only the
mosquito, and subsequently resized to 227x227 pixels
using the software computational MATLAB. They were
then organized into folders based on the species and
experiment to be conducted.

Algorithm

The AlexNet architecture, comprising five convolu-
tional layers and three fully connected layers, has 60 mil-
lion parameters. This network utilises 227 X227 pixels
RGB images as input. The model was pre-trained with
1.2 million images of varying resolutions, represent-
ing over 1000 classes from the ImageNet database [21].
The AlexNet architecture employs convolutional layers
to extract features from images, including edges, tex-
tures and shapes. The maximum pooling layers reduce
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Fig. 1 Examples of pictures used to train the AlexNet network.
Mosquitoes photographed with a stereomicroscope and cell phone:
Ae. scapularis (), Ae. serratus (B), Hg. leucocelaenus (C) and Sa.
albiprivus (D)

the dimensionality of the image while retaining impor-
tant features. The rectified linear unit (ReLU) function
introduces non-linearity to the network, enabling it to
learn more complex features. Local response normali-
sation normalises the outputs of the convolutional lay-
ers, improving generalisation. The final classification is
performed by three fully connected layers. The dropout
technique, which randomly deactivates neurons during
training, prevents overfitting. The Softmax function con-
verts the network outputs into probabilities, selecting the
highest probability as the final prediction [21].

Algorithm training and testing

The AlexNet algorithm, which has already been used
to identify insect vectors [16, 22], was implemented in
MATLAB. The image database was divided into three
sections for the experiments: 80% for training, 10% for
internal validation and 10% for testing (Additional file 2:
Dataset S1). The algorithm randomly selected the images
for each stage. In the algorithm settings, the maximum
number of epochs was set to 50 following preliminary
testing. Stochastic gradient descent with a moment opti-
miser was employed, with default settings aside from
the initial learning rate, which was set to 0.001. Four
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experiments were conducted with four classes in ten
pseudo-replicates each (ten repetitions of training and
testing using the same set of pictures). The first experi-
ment utilised all images, including full-body, pronotum
and lateral thorax. The other experiments employed sep-
arate images of each body part.

Data analysis

The network’s performance was evaluated based on
observations from confusion matrices/heat maps, the
mean and confidence interval of the general accuracy
(probability of correctly identifying the species indepen-
dently) and the specific accuracy (probability of correctly
identifying each species specific) that can be interpreted
as sensitivity, depending on the context of the analysis of
the algorithm for each experiment. To achieve this, we
employed the ‘Hmisc’ package within the computational
software R, version 4.7.1, in conjunction with the RStu-
dio interface, version 2023.03.1.446 [24—26]. We use the
following equations to calculate AlexNet performance
metrics:

TP + TN
TP + FP + TN + FN

General accuracy =

TP

Specific accuracy = TP EN

TP, true positives;
TN, true negatives;
FP, false positives;
EN, false negatives.

Results

Confusion matrices

To gain an understanding of the performance of the
AlexNet algorithm, Fig. 2 presents a series of confusion
matrices, which illustrate the patterns of correct and
incorrect identification of mosquito images across the
ten pseudo-replicates.

General accuracy of the algorithm

The performance of the algorithm was evaluated by
processing test pictures after training the AlexNet algo-
rithm. Four experiments were conducted, in which
each group (full-body, lateral thorax and pronotum)
was submitted to the AlexNet algorithm. Addition-
ally, all 1343 photos corresponding to the three groups
were submitted together. The average confidence
interval for general accuracy was then calculated. The
AlexNet algorithm demonstrated the highest general
accuracy in identifying mosquitoes when all pictures
were analysed together, providing the algorithm with
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Fig. 2 Confusion matrices showing the classification hits and misses of the 10% of the test images for the four experiments. Each run
was pseudo-replicated 10x. The blue scale indicates the number of correct predictions

the most comprehensive information about the mos-
quito’s body. Each run was repeated ten times, achiev-
ing an average general accuracy of 94% (95% confidence
interval (CI) 90-97). The run with the total body group
achieved an average general accuracy of 92.3% (95%
CI 83-97), while with the lateral view group the value

was 93.7% (95% CI 79-98). Finally, with the pronotum
group, the average general accuracy was 93.8% (95%
CI 83-98). The smallest confidence intervals were
observed with pictures of all parts of the body (Fig. 3;
see Additional file 1: Table S1).
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Fig.3 Average accuracy of the AlexNet algorithm in identifying mosquito vectors of yellow fever and other arboviruses. The experiments took
into account identification from images of isolated body parts regions, with 95% confidence intervals. Each run was pseudo-replicated 10x
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Algorithm-specific accuracy

We then evaluated the algorithm’s performance for each
species based in the three groups of pictures. The algo-
rithm’s best performance was observed when pictures
from the three groups were combined in the same experi-
ment. The performance of the AlexNet algorithm in iden-
tifying mosquitoes of the genus Aedes was poor, with the
highest confidence intervals observed for the two species
in this genus, compared with the others (95% CI 72-98)
(Fig. 4). The algorithm misidentified at least one picture
of Ae. scapularis as Ae. serratus or vice versa when pre-
sented with pictures of all three groups. In the run where
all 1343 pictures were available, Ae. serratus was misi-
dentified as Hg. leucocelaenus. In the run with pictures of
the lateral view, only mosquitoes of the genus Aedes were
misidentified, with the two Aedes species being swapped.
In the run with the pronotum, several misidentifications
occurred. Ae. serratus was incorrectly identified as either
Sa. albiprivus or Hg. leucocelaenus, while Ae. scapularis
was identified as Sa. albiprivus (Fig. 2). It is worth noting
that many of the photographed specimens were not well-
preserved, which may have contributed to the high rate
of misidentification (Fig. 5).

Discussion

In this study, we aim to identify four mosquito species
that transmit yellow fever or other arboviruses by using
a CNN (AlexNet). We also wanted to investigate whether
the algorithm performance in classifying the mosquitoes
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changes according to the body regions shown on the pic-
tures submitted. Our study found that the AlexNet can
accurately identify mosquito pictures of the genus Aedes,
Sabethes and Haemagogus with over 90% accuracy. Fur-
thermore, the algorithm performance did not change
according to the body regions shown.

Lorenz et al. [27] classified mosquitoes based on mor-
phometric characteristics of their wings using neural net-
works, achieving accuracies ranging from 86% to 100%.
However, an identification system based only on a body
structure such as the wing is more fragile because if the
structure is not present in the analysed photo, the iden-
tification is compromised. Therefore, a good identifi-
cation system should work with any part of the insect’s
body. Sauer et al. [28] showed that best-performing
CNN configuration achieved a precision of 99% to dis-
criminate between Aedes and non-Aedes mosquito spe-
cies; the mean precision to predict the Aedes species was
91% for RGB pictures. Motta et al. [16] used three pre-
trained networks to identify urban mosquitoes (Aedes
and Culex), achieving an accuracy of 76.2% for the Goog-
leNet, 52.4% for LeNet and 51.2% for AlexNet. Okayasu
et al. [29] showed better accuracy results (92.3%) with
the identification of Ae. albopictus, Anopheles stefensi
and Cx. pipiens pallens using AlexNet based on data aug-
mentation and 12,000 training pictures. More recently,
Motta et al. [17] optimized the CNN hyperparameters
and obtained 97.3% accuracy in distinguishing between
the mosquitoes of the genus Aedes and the Culex
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Fig. 4 Average accuracy of the AlexNet algorithm in interspecies identification. The experiments took into account identification from images
of isolated body parts regions, with 95% confidence intervals. Each run was pseudo-replicated 10x
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Fig. 5 Examples of incorrectly identified images, due to damaged
specimens. A-C and H Ae. serratus was mistaken for Ae. scapularis.
D and E Ae. scapularis was mistaken for Ae. serratus. F Ae. serratus
was mistaken for Sa. albiprivus. G Sa. albiprivus was mistaken for Hg.
leucocelaenus. | Ae. scapularis was erroneously identified as Hg.
leucocelaenus

mosquitoes. Similarly, Goodwin et al. [30] and Park et al.
[13] achieved 97% accuracy rates for mosquito identifica-
tion (Anopheles, Culex, Psorophora and Aedes species)
using deep learning neural networks. These networks rely
on morphological features like those used by taxonomists
[13]. Kittichai et al. [15] using two YOLO v3 model iden-
tified Ae. aegypti, Ae. albopictus and Cx. quinquefasciatus
at a mean average accuracy of 98—-100%. A recent study
has shown that the accuracy and robustness of the CNN
may reach 99% accuracy by incorporating spatial drop-
out layers to regularize the network and by modifying its
structure to incorporate multi-view inputs [31]. Concat-
enating two YOLO v3 model exhibited the optimal per-
formance in identifying mosquitoes, with mean average
accuracy of 99%. The Swin MSI successfully identified
100% subspecies-level in Culex pipiens complex. Based
on pictures of all body regions, AlexNet identified Ae.
scapularis, Ae. serratus, Hg. leucocelaenus and Sa.albipri-
vus at 94% accuracy on average (Fig. 3). Compared with
previous studies that have used neural networks for mos-
quito identification, our accuracy rate of 94% is aligned
with most results obtained by others.

In our study, we did not find a significant difference in
AlexNet performance in identifying mosquitoes based on
different body regions. In fact, other studies have shown
that CNNs are able to detect morphological differences
in various body regions of Aedes mosquitoes [13], some
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of which are consistent with the most used dichotomous
keys [32]. Such results reveal that deep learning models
learn the distinctive morphological features of mosqui-
toes body areas; these are the same ones used by tax-
onomists. For instance, Ae. scapularis can be identified
by its serrated abdomen, a proboscis that is larger than
the anterior femur and the mesonotum with white scales
forming a circle. Ae. serratus is identified by its serrated
abdomen, a proboscis that is similar to or smaller than
the anterior femur and a mesonotum that may or may
not have a longitudinal stripe of white scales [7]. The
two species are very similar because they belong to the
subgenus Ochlerotatus (Lynch Arribalzaga, 1891), where
most of the species in this group are indistinguishable
based on morphological characters [33]. Sa. albiprivus
has medium-sized legs with bluish scales, a golden-scaled
abdomen that forms quadrilaterals and a proboscis that
is much smaller than the anterior femur. Sa. albipri-
vus and Hg. leucocelaenus are two species with different
morphological characteristics. Sa. albiprivus can be dis-
tinguished from Hg. leucocelaenus by its predominantly
dull, dark colour and pleura with two vertical lines of
silvery scales [7]. Other studies show that the accuracy
of CNNs in identifying other insects is not significantly
affected by the body region shown on the picture [22].
Our findings show that the morphological characteristics
used for the identification of the mosquitoes included in
this study are present in multiple regions of the body and,
therefore, any of the body regions here studied allowed
the AlexNet to accurately identify the mosquito species.

Deep learning neural networks consist of multiple
convolutional layers, and databases with more pictures
are more conducive to learning [21]. Additionally, many
studies indicate that a larger picture bank improves the
algorithm’s performance [13, 14, 16, 17, 22, 34, 35]. Even
though a database with thousands of pictures is always
desired, using a database with only 1343 pictures, we
reached accuracy rates similar to those using databases
10x bigger than ours [17, 29]. AlexNet accuracy to iden-
tify Sabethes and Haemogogus mosquitoes was simi-
lar to the accuracy obtained with other CNNs used to
identify other genera [17, 29]. However, the accuracy of
the AlexNet in identifying Ae. serratus and Ae. scapu-
laris was below 90% and, thus, suboptimal when com-
pared with the performance of other CNNs (VGG-16,
ResNet-50, SqueezeNet) that apply data augmentation
and fine-tuning techniques to identify Ae. aegypti [16,
17], Ae. albopictus and Ae. vexans [13].

These accuracy values may be due to differences in
algorithm architecture and training [13]. AlexNet is rel-
atively shallow compared with deeper algorithms such
as ResNet or DenseNet, which can capture complex
hierarchical features in the pictures. Although AlexNet
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was designed to take advantage of GPU acceleration,
its computational efficiency is suboptimal compared
to other algorithms such as MobileNet. Finally, the fea-
tures learned by AlexNet may not be as discriminative
as those learned by algorithms trained on large data-
sets. Despite the limitations of AlexNet when compared
with other algorithms, our results show high accuracy
for identification of yellow fever mosquitoes. Our per-
spective is to apply other algorithms (ResNet, DenseNet
or MobileNet) to test their efficiency in identifying Ae.
serratus, Ae. scapularis and other sibling mosquito spe-
cies. Moreover, optimization of CNN hyperparameters
increase the accuracy of mosquito identification [17]. The
lower performance of the algorithm, in some cases, may
have been influenced by the state of preservation of the
specimens. Analysis of the misidentified pictures in all
experiments showed that the photographed specimens
were not well preserved, especially in the pronotum area,
where bristles and scales were missing, as well as the legs.
Due to their size and the presence of scales and bristles,
mosquitoes are easily damaged during capture, freezing
and drying, resulting in the loss of critical morphologi-
cal features necessary for proper identification. The state
of preservation of the mosquitoes was a limiting factor in
this work, and good preservation of specimens is impor-
tant for optimal algorithm performance. Furthermore,
the network has not been evaluated with images captured
by different photographic devices. Therefore, is not possi-
ble to say whether images taken by cameras with different
specifications influence AlexNet performance.

Conclusions

We aim to identify four mosquito species that transmit
yellow fever using AlexNet. We found that the AlexNet
CNN can identify mosquito pictures of the genus Aedes,
Sabethes and Haemagogus with over 90% accuracy,
regardless of the body region being shown. Our results
support the idea of applying CNNs for Al-driven iden-
tification of mosquito vectors of tropical diseases. This
approach can potentially be used in the surveillance of
yellow fever vectors by health services and the population
as well.

Abbreviations
@] Confidence interval
CNN  Convolutional neural network

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513071-024-06406-2.

Additional file 1: Table S1. Accuracy observed for each experiment.

Additional file 2: Database S1.

Page 7 of 8

Acknowledgements
We thank Marcia Triunfol at Publicase for reviewing this manuscript and Mar-
cos Takashi Obara at the University of Brasilia for your helpful comments.

Author contributions

TOA, RG-G. and V.LM. conceived the study. RG.-G. raised funds and adminis-
tered the project. RG.-G. and V.LLM. contributed to the design of trial methods.
TOA, RG-G. and V.LM. performed research. RG.-G. supervised students
involved in laboratory research. TO.A. obtained the databases. R.G.-G. and
V.L.M. curated the dataset and analysed the data. RG.-G. and TO.A. drafted the
first version of the manuscript. All authors contributed to the interpretation

of results, read and commented on manuscript drafts and approved the final
version.

Funding

TO.A. received specific funding of Coordenacao de Aperfeicoamento de
Pessoal de Nivel Superior https://www.capes.gov.br/ Award Number: finance
code 001. RGG and VLM received specific funding of Conselho Nacional de
Desenvolvimento Cientifico e Tecnoldgico http://www.cnpg.br/. The funding
sources of this study had no role in the study design, data collection, data
analysis, data interpretation, writing of the report or in the decision to submit
the paper for publication.

Availability of data and materials
Data supporting the conclusions of this article are included in the article and
its additional files.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 24 May 2024 Accepted: 13 July 2024
Published online: 02 August 2024

References

1. World Health Organization. World Health Day 2014: preventing vector-
borne diseases. Geneva: World Health Organization; 2014.

2. World Health Organization. Yellow fever. Geneva: World Health Organiza-
tion; 2023.

3. Donalisio MR, Freitas ARR, Von ZAPB. Arboviruses emerging in Brazil: chal-
lenges for clinic and implications for public health. Rev Saude Publica.
2017;51:30. https://doi.org/10.1590/51518-8787.2017051006889.

4. Ahebwa A, Hii J, Neoh KB, Chareonviriyaphap T. Aedes aegypti and
Ae. albopictus (Diptera: Culicidae) ecology, biology, behaviour, and
implications on arbovirus transmission in Thailand: Review. One Health.
2023;16:100555. https://doi.org/10.1016/j.onehlt.2023.100555.

5. Cunha MS, Faria NR, Caleiro GS, Candido DS, Hill SC, Claro IM, et al.
Genomic evidence of yellow fever virus in Aedes scapularis, southeastern
Brazil, 2016. Acta Trop. 2020;205:105390.

6. daCardoso JC, de Almeida MAB, dos Santos E, da Fonseca DF, Sallum
MAM, Noll CA, et al. Yellow fever virus in Haemagogus leucocelaenus
and Aedes serratus mosquitoes, Southern Brazil, 2008. Emerg Infect Dis.
2010;16:1918-24.

7. Segura MNO, Castro FC. Atlas de culicideos na Amazonia brasileira: carac-
terfsticas especificas de insetos hematoéfagos da familia Culicidae. Belem:
Instituto Evandro Chagas; 2007.

8. Vasconcelos PFC, Rosa APAT, Rodrigues SG, Rosa EST, Monteiro HAO, Cruz
ACR, et al. Yellow fever in Paré State, Amazon region of Brazil, 1998-1999:
entomologic and epidemiologic findings. Emerg Infect Dis. 2001;7:565.


https://doi.org/10.1186/s13071-024-06406-2
https://doi.org/10.1186/s13071-024-06406-2
https://www.capes.gov.br/
http://www.cnpq.br/
https://doi.org/10.1590/s1518-8787.2017051006889
https://doi.org/10.1016/j.onehlt.2023.100555

de Araujo et al. Parasites & Vectors (2024) 17:329

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Vasconcelos PFC, Rodrigues SG, Degallier N, Moraes MAP, Travassos Da
Rosa JFS, Travassos Da Rosa ES, et al. An epidemic of sylvatic yellow fever
in the southeast region of Maranhao State, Brazil, 1993-1994: epidemio-
logic and entomologic findings. Am J Trop Med Hyg. 1997;57:132.
Vasconcelos PFC, Travassos da Rosa APA, Pinheiro FP, Shope RE, Travassos
da Rosa JFS, Rodrigues SG, et al. Arboviruses pathogenic for man in Brazil.
In: Travassos da Rosa APA, Amelia PA, Vasconcelos PFC, Pedro FC, Travas-
sos da Rosa JFS, editors,, et al,, An Overview of Arbovirology in Brazil and
Neighbouring Countries. Belem: Instituto Evandro Chagas; 1998.

. Cano ME, Marti GA, Alencar J, Silva SOF, Micieli MV. Categorization by

score of Mosquito Species (Diptera: Culicidae) Related to yellow fever
Epizootics in Argentina. J Med Entomol. 2022;59:1384-8.

Wilkerson RC, Linton YM, Fonseca DM, Schultz TR, Price DC, Strickman DA.
Making mosquito taxonomy useful: a stable classification of tribe Aedini
that balances utility with current knowledge of evolutionary relation-
ships. PLoS ONE. 2015;10:e0133602.

Park J, Kim DI, Choi B, Kang W, Kwon HW. Classification and morpho-
logical analysis of vector mosquitoes using deep convolutional neural
networks. Sci Rep. 2020;10:3144.

Pataki BA, Garriga J, Eritja R, Palmer JRB, Bartumeus F, Csabai |. Deep learn-
ing identification for citizen science surveillance of tiger mosquitoes. Sci
Rep. 2021;11:206.

Kittichai V, Pengsakul T, Chumchuen K, Samung Y, Sriwichai P, Phatthamol-
rat N, et al. Deep learning approaches for challenging species and gender
identification of mosquito vectors. Sci Rep. 2021;11:19375.

Motta D, Santos AAB, Winkler I, Machado BAS, Pereira DADI, Cavalcanti
AM, et al. Application of convolutional neural networks for classification
of adult mosquitoes in the field. PLoS ONE. 2019;14:e0216427.

Motta D, Bandeira Santos AA, Souza Machado BA, Vicente Ribeiro-Filho
OG, Arriaga Camargo LO, Valdenegro-Toro MA, et al. Optimization of con-
volutional neural network hyperparameters for automatic classification of
adult mosquitoes. PLoS ONE. 2020;15:0237151.

Kittichai V, Kaewthamasorn M, Samung Y, Jomtarak R, Naing KM, Tongloy
T, et al. Automatic identification of medically important mosquitoes using
embedded learning approach-based image-retrieval system. Sci Rep.
2023;13:13072.

Zhao OS, Kolluri N, Anand A, Chu N, Bhavaraju R, Ojha A, et al. Convo-
lutional neural networks to automate the screening of malaria in low-
resource countries. PeerJ. 2020;8:e8965.

Valan M, Makonyi K, Maki A, Vondracek D, Ronquist F. Automated taxo-
nomic identification of insects with expert-level accuracy using effective
feature transfer from convolutional networks. Syst Biol. 2019,68:876-95.
Krizhevsky A, Sutskever |, Hinton GE. ImageNet classification with

deep convolutional neural networks. Adv Neural Inf Process Sys.
2012;25:1106-14.

de Miranda VL, de Souza EP, Bambil D, Khalighifar A, Peterson AT, de
Oliveira Nascimento FA, et al. Cellphone picture-based, genus-level
automated identification of Chagas disease vectors: Effects of picture
orientation on the performance of five machine-learning algorithms. Ecol
Inform. 2024;79:101660.

Lira-Vieira AR, Gurgel-Gongalves R, Moreira IM, Yoshizawa MAC, Coutinho
ML, Prado PS, et al. Ecological aspects of mosquitoes (Diptera: Culicidae)
in the gallery forest of Brasilia National Park, Brazil, with an emphasis on
potential vectors of yellow fever. Rev Soc Bras Med Trop. 2013,;46:566-74.
Harrell FE. Hmisc: a package of miscellaneous R functions. 2014. http:/
biostat.mc.vanderbilt.edu/Hmisc. Accessed 15 Apr 2024.

RS Team. RStudio: integrated Development for R. RStudio, Version 4.4.0.
Vienna: R Foundation for Statistical Computing; 2024.

R Development Core Team. R: a language and environment for statistical
computing. Version 4.4.0. Vienna: R Foundation for Statistical Computing;
2024,

Lorenz C, Ferraudo AS, Suesdek L. Artificial Neural Network applied

as a methodology of mosquito species identification. Acta Trop.
2015;152:165-9.

Sauer FG, Werny M, Nolte K, Villacafias de Castro C, Becker N, Kiel E, et al.
A convolutional neural network to identify mosquito species (Diptera:
Culicidae) of the genus Aedes by wing images. Sci Rep. 2024;14:14147.
Okayasu K, Yoshida K, Fuchida M, Nakamura A. Vision-based classification
of mosquito species: comparison of conventional and deep learning
methods. Appl Sci. 2019,9:3818.

Page 8 of 8

30. Goodwin A, Padmanabhan S, Hira S, Glancey M, Slinowsky M, Immidis-
etti R, et al. Mosquito species identification using convolutional neural
networks with a multitiered ensemble model for novel species detection.
SciRep. 2021;11:14394.

31. Pora W, Kasamsumran N, Tharawatcharasart K, Ampol R, Siriyasatien
P, Jariyapan N. Enhancement of VGG16 model with multi-view and
spatial dropout for classification of mosquito vectors. PLoS ONE.
2023;18:20253793.

32. Consoli RAGB, de Oliveira RL. Principais mosquitos de importancia sani-
téria no Brasil. 1st ed. Rio de Janeiro: Editora Fiocruz; 1994.

33. Reinert JF, Harbach RE, Kitching IJ. Phylogeny and classification of tribe
Aedini (Diptera: Culicidae). Zool J Linn Soc. 2009;157:700-94.

34. Gurgel-Gongalves R, Komp E, Campbell LP, Khalighifar A, Mellenbruch J,
Mendonga VJ, et al. Automated identification of insect vectors of Chagas
disease in Brazil and Mexico: the virtual vector lab. Peer]. 2017;5:23040.

35. Khalighifar A, Komp E, Ramsey JM, Gurgel-Gongalves R, Peterson AT. Deep
learning algorithms improve automated identification of Chagas disease
vectors. J Med Entomol. 2019;56:461-8.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


http://biostat.mc.vanderbilt.edu/Hmisc
http://biostat.mc.vanderbilt.edu/Hmisc

	AI-driven convolutional neural networks for accurate identification of yellow fever vectors
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Picture database
	Algorithm
	Algorithm training and testing
	Data analysis

	Results
	Confusion matrices
	General accuracy of the algorithm
	Algorithm-specific accuracy

	Discussion
	Conclusions
	Acknowledgements
	References


